Regulatory elements in mRNA play an often pivotal role in post-transcriptional regulation of gene expression. However, a systematic approach to efficiently identify putative regulatory elements from sets of post-transcriptionally coregulated genes is lacking, hampering studies of coregulation mechanisms. Although there are several analytical methods that can be used to detect conserved mRNA regulatory elements in a set of transcripts, there has been no systematic study of how well any of these methods perform individually or as a group. We therefore compared how well three algorithms, each based on a different principle (enumeration, optimization, or structure/sequence profiles), can identify elements in unaligned untranslated sequence regions. Two algorithms were originally designed to detect transcription factor binding sites, Weeder and BioProspector; and one was designed to detect RNA elements conserved in structure, RNAProfile. Three types of elements were examined: (1) elements conserved in both primary sequence and secondary structure; (2) elements conserved only in primary sequence; and (3) microRNA targets. Our results indicate that all methods can uniquely identify certain known RNA elements, and therefore, integrating the output from all algorithms leads to the most complete identification of elements. We therefore developed an approach to integrate results and guide selection of candidate elements from several algorithms presented as a web service (https://dbw.msi.umn.edu:8443/recit). These findings together with the approach for integration can be used to identify candidate elements from genome-wide post-transcriptional profiling data sets.
INTRODUCTION
Post-transcriptional control is the step in gene expression regulation that occurs after the primary transcript has been generated but before synthesis of the polypeptide. It includes splicing, RNA editing, RNA transport, RNA stability, and ribosome recruitment. Post-transcriptional control is involved in regulation of many physiological and pathological processes, including normal development, homeostatic functions, and carcinogenesis. Information embedded in the messenger ribonucleic acid (mRNA) sequence is used by the cell to regulate groups of transcripts (designated post-transcriptional operons or regulons) (Keene 2007) and has been mechanistically characterized in transcription termination (Brambilla et al. 1997) , mRNA localization (Macdonald et al. 1993; Kloc et al. 2000; Chabanon et al. 2004) , stability (Brewer 1991; Theil 1993; Akgul and Tu 2007; Vlasova et al. 2008) , alternative splicing (Massiello et al. 2004) , and ribosome recruitment (Larsson et al. 2006) .
Methodological advances have enabled genome-wide studies of different steps of post-transcriptional regulation, including ribosome recruitment (Rajasekhar et al. 2003; Blais et al. 2004; Kitamura et al. 2004; Qin and Sarnow 2004; Larsson et al. 2006 Larsson et al. , 2007 Lu et al. 2006; Bilanges et al. 2007; Mamane et al. 2007 ) and mRNA degradation (Grigull et al. 2004; Raghavan et al. 2004; Catts et al. 2005; Vlasova et al. 2008) . Importantly, these approaches include a step designed to eliminate effects from differential transcription; either by pharmacologically inhibiting transcription during studies of RNA degradation or by measuring and correcting for transcription during analysis of ribosome recruitment data. This is likely to result in the high enrichment of transcripts that are subject to post-transcriptional control independent of transcription, which makes such data sets ideal for discovery of novel post-transcriptional regulatory RNA elements. Analysis of data from such studies reveals elements occurring at frequencies in the range of 10%-20% that are verified to be sufficient or necessary for the observed regulation (Larsson et al. 2006; Mamane et al. 2007; Vlasova et al. 2008) . Therefore, algorithms that can identify conserved mRNA elements from subsets of coregulated transcripts at these frequencies are key tools to elucidate mechanisms of post-transcriptional control.
There are three strategies to identify conserved RNA structural elements. One strategy is to align sequences using standard multiple sequence alignment tools. The mutualinformation measure is usually used for this approach (Chiu and Kolodziejczak 1991; Gutell et al. 1992; Gorodkin et al. 1997 ). The covariance model, a specific type of stochastic context-free grammar, was introduced in COVE to build structural multiple alignments and to scan a genome or database using this model (Eddy and Durbin 1994) . Later, a combination of minimum free energy (MFE) and a covariation score (Hofacker et al. 2002; Ruan et al. 2004) or stochastic context-free grammars (Knudsen and Hein 1999) were used as well. Algorithms that recognize strongly correlated positions in a multiple alignment, e.g., RNAz (Washietl et al. 2005) and EvoFold (Pedersen et al. 2006) , are often computationally efficient. However, the requirement for curated alignments, which are typically lacking in sets of coregulated mRNAs, renders all these methods nonapplicable for identification of elements from genomewide studies of post-transcriptional regulation. Importantly, it was concluded that diverse data sets, which are expected from sets of coregulated genes, lead to poor sequence alignment that can destroy any covariation signal (Gardner and Giegerich 2004) . The second strategy is to simultaneously align and fold RNA sequences as proposed by Sankoff (1985) . Based on this algorithm, several software packages have been developed, such as Foldalign (Gorodkin et al. 2001) , Dynalign (Mathews and Turner 2002) , Stemloc (Holmes 2005) , and CARNAC (Touzet and Perriquet 2004) . These algorithms usually predict common structures of two sequences, and then use a progressive method like that of ClustalW to find conserved structures among a set of sequences. However, these algorithms are computationally intensive for larger data sets, which renders them nonapplicable for the hundreds of long coregulated sequences that populate the data set. The third strategy is to predict the structures of individual sequences separately and then find the conserved structure. Some of the software packages using this strategy achieve this by building multiple structural alignments, such as RNAProfile (Pavesi et al. 2004a) , CMfinder (Yao et al. 2006) , and RNAmine (Hamada et al. 2006) . There are several algorithms that take folded RNA sequence as input and perform multiple sequence alignment (e.g., RNAforester [Hochsmann et al. 2003 ], MARNA [Siebert and Backofen 2005] , MXSCARNA [Tabei et al. 2008] , MASTR [Lindgreen et al. 2007] ). Some software such as comRNA (Ji et al. 2004) , RNA Sampler (Xu et al. 2007) , GPRM (Hu 2003) , and GeRNAMo (Ji et al. 2004; Michal et al. 2007 ) do not use alignment. However, almost of all of these software packages were designed to identify RNA elements in a relatively small number of sequences with limited length. Thus, even though they function well with small data sets, applying them to genomewide coregulated data sets is not possible. For example, the GPRM server requires that each sequence has <1000 nucleotides (nt), and the total number of nucleotides in the data set cannot exceed 60,000. In addition, for the typical coregulated data set, CMfinder, comRNA, and RNA Sampler exceed the capacity of computers with 4 GB RAM memory. Based on these restrictions, we selected all algorithms that were applicable and that could be applied using either a desktop computer (RNAProfile) or a Linux cluster (CMfinder) for the algorithm comparison.
In contrast, algorithms that predict transcription factor binding sites (TFBSs) in DNA are often less computationally intensive. Most can be divided into two categories, enumeration and optimization. In enumeration methods, such as Weeder (Pavesi et al. 2004b ), the algorithm exhaustively searches the space of all possible elements. Optimization methods, such as BioProspector (Liu et al. 2001) and MEME (Bailey et al. 2006) , use probabilistic optimization or deterministic optimization to identify the position of elements. MEMERIS (MEME in RNAs including secondary structures) is an extension of MEME. MEMERIS computes the probabilities of unpaired bases and then uses this measure to guide element finding in single-stranded regions (Hiller et al. 2006) . As methods based only on sequence conservation could be used to search a set of coregulated transcripts, this raises the question of whether currently available TFBS detection methods could accurately and efficiently detect mRNA elements, which are often defined not only by sequence but also by combinations of sequence and structure.
Comparing algorithms for element discovery is generally difficult (Tompa et al. 2005; Sandve and Drablos 2006) . The performance of each method depends on parameter tuning, computational complexity, type of genome sequences, and several other factors. Still it is essential for future understanding of post-transcriptional control to know which methods to use and if more than one is needed; i.e., how to combine their outputs. Therefore, we compared the RNAelement detection performance of two currently available TFBS algorithms based on sequence conservation, Weeder (enumeration) (Pavesi et al. 2004b ) and BioProspector (optimization) (Liu et al. 2001) , and one RNA element finding tool RNAProfile (Pavesi et al. 2004a ) based on sequence/ structure conservation. Here we show that all three algorithms can identify known mRNA elements and that each has its advantages depending on the element being detected. A range of complementary algorithms, based on similar principles, did not increase the number of detected elements. This suggests that a combination of methods based on different principles is necessary for the most complete element identification. Therefore, we devised an approach to combine the results from the three algorithms and/or any additional algorithm, and show its potential to guide selection of elements for mechanistic studies of mRNA coregulation using an experimentally derived data set. This study is the first to systematically compare and integrate outputs from current algorithms for post-transcriptional mRNA regulatory element discovery, providing an approach to evaluate and incorporate new algorithms in studies of post-transcriptional control.
RESULTS

Study design
To assess the utility of sequence conservation-based algorithms for finding mRNA elements, we selected two sequence conservation-based algorithms, one enumeration and one optimization (Weeder and BioProspector). We also selected one algorithm based on sequence/structure profile (RNAProfile). While we recognize that each of the RNA secondary structure methods have their unique properties and advantages, we initially chose RNAProfile to represent this category as it is reasonably fast and simple. All three methods were used with minimum parameter tuning to mimic the typical situation when nothing about the element is known. Ideally we would have used experimentally validated RNA elements as collected in, e.g., TarBase (Sethupathy et al. 2006) . However, in reality, such experimentally validated data bases do not contain sufficient numbers of elements and validated targets for a study such as this. Given these restrictions, we selected UTRdb as a curated database of RNA elements within the 59 and 39 untranslated regions (UTRs) (Mignone et al. 2005 ) with a reasonable number of element containing transcripts and TargetScan as a well-populated and widely used microRNA (miRNA) target database (Lewis et al. 2003 (Lewis et al. , 2005 . To examine the relative algorithm performance, we collected all elements in UTRdb with a reasonable number of members (12 elements had at least 35 members) and six miRNA targets from TargetScan3.0 (Table 1) . We divided nonmiRNA elements into classes based on whether they are conserved in structure/sequence or sequence following the annotation from the UTRsite (Pesole et al. 2002) . The average information content of the element was used to assess relative sequence conservation. The six miRNA targets (Table 1) were chosen as they have been indicated to show biological activity (Cheng et al. 2005; Ciafre et al. 2005; Akao et al. 2006; Larsson et al. 2007) .
To compare how well each algorithm detected the different types of elements, we generated data sets of 35 UTR sequences containing different percentages of transcripts harboring the true elements. We recognize that a realistic sample size is more in the range of 150-300 transcripts, rather than 35 (Larsson et al. 2006 Vlasova et al. 2008 ), but we chose this relatively low number of transcripts per data set to allow us to keep as many elements as possible for our study (six elements did not have a sufficient number of defined members necessary to survey the complete range of true positives for larger sample sets, such as 200). To examine the validity of this decision, we selected those elements that could be used to build data sets of 200 sequences, and examined the stability of the results by comparing 66 searches using 35 sequences to that of 200 sequences in which both the set of 35 and the set of 200 had the same percentage of true positives. Using the thresholds for determining whether the element was found or not (see below), the results showed that the sets of 200 and the sets of 35 gave similar predictions for 80% of the searches for nonmiRNA target elements (Supplemental Fig . 1A ). One element, the cytoplasmic polyadenylation element (CPE), behaved as an outlier. After removing CPE, 95% of the searches gave similar predictions (Supplemental Fig. 1B ). Therefore, we concluded that using sets of 35 will enable us to test more elements and will still be representative of larger subsets for most elements. For miRNA targets, only 70% of the predictions were the same (Supplemental Fig. 1C ). This relatively poor concordance, together with documentation that all miRNAs targets we selected had more than 200 known target sequences, led us to analyze 200 member sets for miRNA targets.
The percentages of true positives in the 35 (or 200 for miRNA targets) sequence sets were selected to resemble what could be expected to occur in data sets derived from current large genomewide studies of post-transcriptional regulation (we used 20% as a realistic percentage), or to test whether the algorithms could ever identify the element (40%-100%). We selected the top predictions from each algorithm and calculated the sensitivities to detect each element. As each algorithm predicted multiple elements for each data set, the prediction with the highest sensitivity was used to compare the algorithms. We considered an element to be identified by the algorithm if the site sensitivity was $50% and the specificity $25% (see below in Materials and Methods).
Identification of elements conserved in sequence and structure
For elements conserved in sequence and structure (Table 1) , there were large differences in terms of both how well the algorithms performed as well as how well the test elements were detected (Fig. 1A) . The histone 39UTR stemloop structure (HSL3) was identified efficiently by both BioProspector and Weeder. RNAProfile identified the internal ribosome entry site (IRES) at a realistic percentage of positive transcripts while the remaining 2 elements could not be identified (Fig. 1A ). We were surprised that RNAProfile did not detect additional elements conserved in structure and sequence compared with Weeder and BioProspector (particularly the iron response element [IRE] , which was shown previously) (Pavesi et al. 2004a ). Given the limited set of examples, this could be due to the characteristics of the examples and not the performance of RNAProfile. To investigate this, we created a test set consisting of sequences harboring a validated IRE from mouse and human. As there were few examples of validated IREs, we created a modified data set where a fixed number of positive transcripts were diluted with transcripts not carrying the element to achieve the desired concentrations of true positives. This approach is not ideal as the surveyed sets carrying different concentrations of true positives will have different sizes, but we reasoned that FIGURE 1. Identification of elements conserved in sequence and structure. (A) A comparison of sensitivities for detecting elements conserved in sequence and secondary structure using BioProspector, Weeder, and RNAProfile. Each graph shows the sensitivities obtained in data sets with different percentages of transcripts carrying the indicated element. (B,C) A comparison of sensitivities of BioProspector, Weeder, and RNAProfile for detecting IRE and SECIS using sequences obtained from mouse and human. despite the limitations, it would allow us to investigate if RNAProfile could provide any advantages for the detection of this type of element. In this data set, Weeder identified IRE at a realistic percentage of true positives, whereas RNAProfile needed 40% true positive transcripts for detection (Fig. 1B) . Similarly we performed an analysis using selenocysteine insertion sequence (SECIS) elements from mouse and human collected in RFAM. There were 25 SECIS elements, and we used the original approach with a fixed size of the query set. Using this data set, Weeder identified SECIS at 60% true positive transcripts (Fig. 1C) .
Identification of elements conserved in sequence
For elements conserved in sequence, we detected large differences in performance depending on algorithm and element (Fig. 2) . BioProspector and Weeder identified three and two out of eight elements (three unique elements) at a realistic percentage of positive transcripts (20%), respectively. CPE and the 15-lipoxygenase differentiation control element (15-LOX-DICE) were identified at higher percentages (40%-100%), while the TGE translational regulation element (TGE), terminal oligopyrimidine tract (TOP), and male-specific lethal 39UTR cis-acting elements (MSL2-3UTR) could not be identified at all. As expected, judging from the number of identified elements, both Weeder and BioProspector performed better than RNAProfile for the elements conserved primarily in sequence (Fig. 2) .
Identification of miRNA targets
We did not run RNAProfile on miRNA targets, as RNAProfile is not designed to identify short elements conserved only in sequence. Four out of six miRNA targets were identified at a realistic percentage (20%) by BioProspector and/or Weeder. All six miRNA targets were identified by BioProspector and/or Weeder at higher percentages (40%-100%). The specificities varied between 33% and 79% (Table 2 ). BioProspector and Weeder were complementary in identifying miRNA targets as, at realistic percentages of true positives, BioProspector and Weeder each identified miRNA targets that the other method did not (see Fig. 3 ).
Performance of complementary methods
Our selection of Weeder and BioProspector was based on their good performance in a study comparing many TFBS algorithms (Tompa et al. 2005) , while our selection of RNAProfile was based on its ability to be used on a desktop system. However, we were interested to compare these methods to methods that are based on similar principles or those that are beyond desktop computing (some requiring >8 GB of RAM memory to analyze even these relatively small data sets of 35 sequences). Our goal was to try all methods that could be applicable on sets of coregulated nonaligned transcripts (for discussion of limitations, see the Introduction). We considered GPRM (Hu 2003) , GeRNAMo (Michal et al. 2007 ), CMfinder (Yao et al. 2006) , comRNA (Ji et al. 2004) , MEME (Bailey et al. 2006) , MEMERIS (Hiller et al. 2006) , and RNA Sampler (Xu et al. 2007 ). Among these, our computational resources (Linux cluster allowing up to 90 GB of RAM) permitted us to use CMfinder, MEME, and MEMERIS (although we could not use MEMERIS on all possible element lengths due to computation time restrictions) (see Materials and Methods). However, none of these methods could provide any clear advantage in terms of elements detected at 20% true positives when identifying elements conserved in sequence/ structure, sequence, or miRNA targets (see Table 2 ; Supplemental Figs. 2-4) or the modified set using IRE or SECIS from both mouse and human (Supplemental Fig. 5) . Thus it appears that adding additional methods that are overlapping in terms of detection principle does not provide any clear advantages.
Summary of algorithm performance at a realistic element abundance
To get an overview of expected algorithm performance in real data sets, we focused on performance at 20% true positives and the three methods originally selected (BioProspector, Weeder, and RNAProfile), as these provide a computationally efficient set of methods. As discussed above, our selection of 20% as a threshold for a realistic concentration was derived from prior studies indicating that genome-wide studies of post-transcriptional regulation, in which the transcriptional effects have been controlled, show that z10%-20% of the identified coregulated transcripts carry a particular element (Larsson et al. 2006; Vlasova et al. 2008) . At a frequency of 20% true-positive transcripts, five out of 12 non-miRNA elements and four out of six miRNA target sequences could be detected. BioProspector detected four non-miRNA target elements and one miRNA target sequence; Weeder detected three non-miRNA target elements and three miRNA target sequences, and RNAProfile detected one non-miRNA target Bold represents elements that were identified when the frequency of true positive transcripts was 20%; NA indicates that the element was not identified or the method was not applied to the element. Specificity for the reported data set is shown in parenthesis.
elements. One element and one miRNA target was detected by BioProspector only; three miRNA targets were detected by Weeder only; and IRES was detected by RNAProfile only (Table 2) . At higher percentages of true positives (60%), seven out of 12 non-miRNA target elements and all six miRNA targets were detected by any method. Five of the non-miRNA target elements could not be detected at any percentage of true positives, including 100%. Thus for the most complete element finding, a combination of all three methods performed best.
Determinants of algorithm performance
Our data indicated that each algorithm performs differently depending on element type, but there also seems to be element-specific aspects. There are several possible explanations. One factor that is likely to be important for the detection of an element using methods based on sequence conservation is the average information content. If the element is well conserved (high information content), it is expected that sequence conservation-based methods would show higher sensitivity. Information content is predicted to be less important for RNAProfile as this algorithm relies on a combination of sequence and structure conservation. To assess this relationship, we compared the sensitivities of the methods across all true positive transcript percentages and mRNA elements to the information content (Fig. 4A) , percentage of true positives (Fig. 4B) , and length of the element (Fig. 4C ) (after excluding the element with the highest information content [HSL3] and all miRNA targets). This analysis indicated no strong relationships between the characteristics and the sensitivity except for length when using BioProspector and Weeder. As large variation was apparent for all algorithms, we also stratified the analysis based on element type:
1. For elements conserved in sequence and structure, BioProspector and Weeder both showed positive correlations between sensitivity and element lengths. (Supplemental Fig. 6 ). 2. For elements conserved in sequence, there were no significant correlations (Supplemental Fig. 7 ). 3. For miRNAs targets, there was a relationship between the sensitivity and the percentage of true-positive sequences for Weeder (Supplement Fig. 8 ). miRNA targets show the same length and very similar information contents, and therefore, these analyses were excluded.
In summary, element length seems to be of some importance for algorithm performance. However, all of these trends could be related to the specific elements and settings used but, nevertheless, give some indications.
An approach to compare and integrate predicted elements between algorithms
With the current approach using the three algorithms and selecting the top scoring elements from each, a total of 65 predicted elements are generated. It is desirable to develop an approach that integrates the results by combining these outputs in order to prioritize detected elements for laboratory-based tests of functional significance. There Tools for discovery of regulatory mRNA elements www.rnajournal.org 1475
Cold Spring Harbor Laboratory Press on February 19, 2010 -Published by rnajournal.cshlp.org Downloaded from are important differences in lengths of the predicted mRNA elements among the algorithms that require correction before an efficient comparison and consolidation is possible. For example, Weeder only identifies elements up to 12 nt, whereas BioProspector and RNAProfile can produce much longer candidate elements. To compare the element's predicted intra-algorithm and interalgorithm, and to define as much of the true element as possible, we developed a general approach (for more details, see Materials and Methods):
1. The flanking sequences of the element are collected for each member sequence. Overlapping sequences are removed. 2. A sliding window starting at the center of the element is used to detect high information content, and the element is extended as long as one position within the sliding window shows larger information contents than a set threshold. 3. The resulting position-specific probability matrixes (PSPMs) are compared with each other using correlations, and a hierarchical clustering of the correlation matrix of all PSPMs to all PSPMs is performed (Fig. 5) .
A representative result is depicted in Figure 6 , where PSPMs with high sensitivities for CPE predicted by BioProspector, Weeder, and RNAProfile are clustered together. This analysis shows that in this case-as well as in several other cases not shown-the real element can be found in several of the outputs from the same and/or different methods. In the CPE analysis, a second cluster of elements predicted by BioProspector correlates with each other (labeled as ''interesting cluster'' in Fig. 6 ), suggesting that there are at least two different elements identified by the analysis.
Application of the approach to a study of ribosome recruitment
Using a combined polyribosome preparation-microarray analysis, we previously identified 255 transcripts with increased ribosome recruitment when translation factor eIF4E mediates rescue of fibroblasts from apoptosis (Larsson et al. 2006). We used this data set to test whether the approach utilized in the current study would have helped us pick the element that we experimentally showed to target a reporter mRNA for translational activation under proapoptotic stress. We generated 65 candidate elements, and the clustered PSPM correlations of the elements are presented in Figure 7 . In the original report, we identified a 55-nt mRNA consensus hairpin structure that was overrepresented in the 59UTR of translationally activated transcripts using BioProspector and BioOptimizer (Jensen and Liu 2004 ). The present analysis shows that the element that led to the 55-nt structure correlated very well with many other elements identified and was one of only a few candidates that showed a distinct cluster. We therefore conclude that the approach presented here would have helped us identify the correct candidate element in this published study.
Web service
We have implemented a web service for the scientific community that is designed to assist investigators with appropriate data sets to integrate and prioritize elements for mechanistic laboratory-based experiments. The user can input the results from BioProspector, Weeder, and RNAProfile or PSPMs from other element discovery software, and the web tool will generate the type of visualization shown in Figures 6 and 7 . The URL of the web service is https://dbw.msi.umn.edu:8443/recit.
DISCUSSION
Identification of mRNA elements is an essential step toward understanding the mechanisms of post-transcriptional regulation of gene expression. Using genome-wide tools, subsets of coregulated genes are currently being identified that will be investigated for the occurrence of mRNA elements as their mechanism for coregulation. For this purpose, several algorithms predicting conserved mRNA structure without multiple sequence alignments have been developed. However, algorithms designed for TFBS finding could be a helpful complement to these methods, since the TFBS procedures require less computation time. Therefore, here we sought to address two questions. The first was how well current methods perform for detecting mRNA regulatory elements; and the second was how to integrate the information generated both inter-and intra-algorithm in order to prioritize elements for laboratory-based tests of functional import.
To carry out our analysis, we selected the UTRdb as the source of elements for comparison and three methods based on different principles. Our results show that all three methods-BioProspector, Weeder, and RNAProfileeach have advantages as each identified elements that the other method did not. This highlights the importance of using several methods and integrating the results when searching for an element of unknown characteristics. When using these three methods (BioProspector, Weeder, and RNAProfile), five out of 12 tested elements and four out of six miRNA targets could be identified at a realistic concentration of true positives (20%), and seven out of the 12 tested elements and six out of six miRNA targets could be identified at #60% true positives. This not only indicates that a reasonable percentage of unknown elements can likely be identified using this approach but also highlights that additional methods will be necessary for a more complete understanding of post-transcriptional regulation.
We recognize that in the UTRdb, some elements are better defined than others. For this reason, we expect that our generated data sets included different numbers of false positive elements depending on the element. This has the potential to generate biases in the present study. However, as more false positives would be associated with a reduction in information content and we see no correlation between the information content and algorithm performance, we conclude that this did not lead to a significant bias in the present study.
In addition to the algorithms we selected to represent different detection principles (Weeder, BioProspector, and RNAProfile), we also tested a set of complementary methods (CMfinder, MEME, and MEMERIS) that, in our hands, did not provide any additional discoveries. While we cannot FIGURE 5. A proposed approach to compare and select mRNA regulatory elements. To identify conserved mRNA regulatory elements in a set of coregulated transcripts, algorithms representing three different principles-enumeration (Weeder), optimization (BioProspector), and sequence/structure (RNAProfile)-are used. The lengths of the predicted elements are optimized as described in the Results and Materials and Methods sections. To build PSPMs for each predicted element, the sequences predicted to constitute the element can be aligned or used without alignment. Then the maximum local correlations of all pairs of PSPMs are calculated, and the correlation matrix is clustered. The clusters with well-correlated PSPMs are the best candidates for biological testing.
exclude the possibility that these additional methods may provide advantages for detection of elements not evaluated in this study, we found no evidence that they would substantially improve element detection. Since both MEMERIS and CMfinder require more extensive computational resources than the others, these may also be technically hard to apply for a laboratory without extensive computer resources. During the completion of this study, a novel enumeration algorithm (Amadeus) was presented that showed good performance for miRNA discovery (Linhart et al. 2008 ) and could provide advantages for miRNA identification in addition to Weeder and BioProspector.
Once candidate elements are detected, the next important task in a genome-wide element search is to integrate the results and select the best candidates for subsequent detailed biochemical and biological analyses. Methods for comparing PSPMs/PSSMs have been developed by several investigators (Pietrokovski 1996; Hughes et al. 2000; Wang and Stormo 2003; Sandelin and Wasserman 2004; Schones et al. 2005) . Pietrokovski (1996) showed that the Pearson correlation coefficient is an effective measure for protein sequence alignments. We selected Pearson correlation in our study, as this approach is simple and straightforward. Our approach to cluster elements based on this measure gives strong visual guidelines about the number of true elements found in a search. We interpret our data to indicate that focusing only on those elements that emerge from all methods may lead to the rejection of too many true regulatory elements, because different algorithms are better at identifying different types of elements than others. Yet it is essential to combine the outputs to identify true, unique elements. Therefore, we suggest that if an element is found by the same algorithm several times in different versions (e.g., length) or by several algorithms, either outcome indicates that the element has promise as an authentic mediator of post-transcriptional control. Thus the suggested approach utilizes all elements found by multiple algorithms and provides a procedure for biological scientists to prioritize elements for further study of mechanism.
MATERIALS AND METHODS
Generation of data sets for UTRsite elements
The UTR of human RefSeqs were retrieved from UTRdb (06/20/2006) for the elements: U0001 (HSL3), U0002 (IRE), U0003 (SECIS type 1 [SECIS-1]), U0015 (IRES), U0006 (CPE), U0007 (TGE), U0009 (15-LOX-DICE), U0010 (AU-rich class-2 element or ARE2), U0011 (TOP), U0017 (MSL2-3UTR), U0019 (Bruno 39UTR responsive element [BRE] ), and U0035 (Mos polyadenylation response element [Mos-PRE]). Sequences with or without the element were separated into two groups. In each group, the sequences were given a random rank number. Five data sets were created from these two groups of sequences. Each data set contains 35 sequences from 35 unique genes. The data set was composed of top x (x = 7, 14, 21, 28, 35) sequences from the pool with the element and top 35-x sequences from the pool without the element. As an alternative approach for SECIS and IRE, we used sequences from both mouse and human. SECIS sequences were obtained from RFAM 9.0 after removing all redundant sequences or sequences from unknown genes. Twenty-five such sequences were found, and data sets with different percentages of true-positive transcripts were created as above but with a size of 25 instead of 35. For IRE, experimentally validated targets from UTRdb were used, and because there were only seven such examples, these were ''diluted'' with control transcripts to generate data sets containing different percentages of true positives. These IRE data sets will have different sizes; which is in contrast to all other data sets used. 
Generation of data sets for miRNA targets
The UTR sequences for miRNA target detection and miRNA targets information were downloaded from the TargetScan database (TargetScan 3.0) (Lewis et al. 2003 (Lewis et al. , 2005 . The data sets were generated similarly to the UTRsite elements except we used sets of 200 UTRs as miRNA detection was dependent on size of the set (see Results).
Element finding algorithms
Weeder (version 1.3) (Pavesi et al. 2004b ) was downloaded from http://159.149.109.16:8080/weederWeb/ and installed on a SUN machine. Background frequency files for human RefSeq (1005_ 10_03) UTRs were calculated by counting the occurrences of all possible 6-mers and 8-mers. WeederTFBS.out was used to predict conserved elements with lengths of 6, 8, or 10 nt; allowing one, two, or three mismatches, respectively. Settings were as follows: R = 25 (at least 25% of the sequences must contain the element) and T = 100 (the top 100 scoring elements of the run were reported). The adviser program was used to identify elements that were redundant both within the same run and in runs of different lengths. The top 10 elements from adviser were considered.
BioProspector (Liu et al. 2001 ) for a SUN machine was downloaded on October 19, 2005. The background distribution of human RefSeq UTRs was calculated using the genome.bg algorithm. Settings were as follows: n = 100 (the number of element finding iterations) and r = 25 (N for the Monte Carlo simulations used to obtain the null distribution). For each data set, elements ranging from 6-50 nt were examined; the highest scoring element for each length was considered for subsequent analysis.
RNAProfile version 2.2 (Pavesi et al. 2004a ) was downloaded from http://159.149.109.16:8080/weederWeb/ and installed on a Linux machine. Settings were as follows: P = 10 (10 best profiles were saved in each run) and p = 1 (one best profile originating from the same profile or region). Each data set ran five times with different random seeds (the r switch was on). Ten profiles with the highest unique scores are analyzed. Elements with fitness larger than À1 were considered to be members of the element. MEME (Bailey et al. 2006 ) was downloaded from http://meme. sdsc.edu/meme/. It was installed on a Linux machine. A secondorder Markov model of human RefSeq 39UTRs or 59UTRs was used as background. ZOOPS model was used. The maximum length of the element is 50, and the minimum length is six. Ten elements were reported for each data set.
MEMERIS (Hiller et al. 2006) 1.0 was downloaded from http:// www.bioinf.uni-freiburg.de/zhiller/MEMERIS/. It was installed on a Linux machine. The same second-order Markov model background was used as in MEME. ZOOPS model was used. Elements with widths of 7, 14, 21, 28, 35, 42 , and 49 were considered because RNA secondary structure prediction for every width would be too time consuming. We used a pseudocount pi = 0.01, spfuzz = 2.
CMfinder (Yao et al. 2006 ) was downloaded from http://bio.cs. washington.edu/yzizhen/CMfinder/. The fraction of sequences containing the element was set to 0.2; the minimum length of a motif was 15. Following the procedure of Yao et al. (2006) , we used an alignment score of 10 as a cutoff threshold for an element to be considered.
Evaluation of results
The start sites and end sites of predicted elements were compared with the authentic start and end sites of the element. The number of nucleotides overlapping with the known element was calculated as nucleotide-level true positives (nTP). If nTP was $ 50% of the algorithm-predicted element length, then the predicted element was considered a true positive sequence (sTP). Sensitivity is calculated as sTP/(sTP + sFN), where sFN are false negative sequences. For Weeder, only predictions with scores >90 were evaluated. Specificity is calculated as sTN/(sTN + sFP), where sTN are true negative sequences. For data sets with 100% positive transcripts, specificity is NA because sTN + sFP = 0.
Calculations of information content
To examine how well the element is conserved among its members, we calculated the information content of each element in each data set, multiple sequence alignment of the predicted true-positive elements in each data set was built by ClustalW (version 1.83, using the BestFit scoring matrix). The information content or the conservation of the element at a particular position is calculated as
where N is the number of different symbols (four for RNA), and p n is the observed frequency of symbol n at a particular position in FIGURE 7. RNA regulatory elements identified from eIF4E-mediated rescue of NIH 3T3 cells from apoptosis. The figure shows a hierarchical clustering of extended PSPMs from the eIF4E data set search (Larsson et al. 2006) . The color of the cell represents the Pearson correlation of the two PSPMs: red represents 0, and white represents 1. The element that was validated as functional is indicated. (Crooks et al. 2004 ). The information content of an element is the average information content of all positions of the element.
Integration of outputs for different algorithms using element extensions and clustering of PSPMs
The predicted element sequences from each output were extended to include 50 nt on both sides of the predicted element. When an element was close to the end of the UTR, the missing positions were filled in with the symbol ''N '' until its length was 50 nt. In the case when two elements including extended sequences overlapped (if there were two predicted elements close to each other), the element with more defined flanking sequence (i.e., less Ns) was kept. If an equal amount of defined sequence (equal numbers of Ns) existed, one was randomly kept. The resulting sequences could be aligned or used without alignment. Next the information content was calculated at each position of the expanded element. A sliding window of 10, starting at the center of the element and allowing a minimal element length of 6 nt, was used in both directions. The element was extended if one position within the sliding window reached information content larger than 1.5. This extended element was used to generate the extended PSPM. The extended PSPMs were converted into arrays following P A1 P C1 P G1 P T1 , P A2 P C2 P G2 P T2 . . .P Ai P Ci P Gi P Ti , where i is the position of the nucleic acid and P represents the frequency of a particular nucleic acid at the i position. For any pair of PSPMs, two arrays will be aligned, with the 59 end of array A and the 39 end of array B. The minimal overlap was set to 6 nt. The nonoverlap part is filled with the random frequency of nucleic acids calculated from the UTR of human RefSeqs. The Pearson correlation of the two arrays is calculated. Array A then slides one position to the 59 end of array B. Correlation is calculated again. Array A keeps sliding until the 39 end of array A and the 59 end of array B has an overlap of 6 nt. The maximum correlation of the two arrays is recorded for array A and array B. The correlation matrix for all extended PSPM to all PSPM is generated, and a hierarchical clustering is performed on the correlation matrix (average linkage and Euclidian distance). All scripts and data sets are available upon request. We also provide a web service for this approach at https://dbw.msi.umn.edu:8443/recit
SUPPLEMENTAL MATERIAL
Supplemental material can be found at http://www.rnajournal.org.
ACKNOWLEDGMENTS
O.L. was supported by a post-doctoral fellowship from the Swedish Research Council during the initiation of the study and a postdoctoral fellowship from the Knut and Alice Wallenberg foundation during the completion of the study. D.F. and P.B.B. are supported by HL076779 and HL073719 from the NIH. We thank Dr. Wayne Xu from the Computational Genetics Laboratory at the University of Minnesota for helping with the web service. This study was performed using resources from the Minnesota Supercomputing Institute computational genetics laboratory.
Received February 25, 2009; accepted May 20, 2009. 
